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Abstract

Catching aggressive skin cancers like melanoma early is critical for patient survival. While Convolutional Neural
Networks (CNNs) are powerful tools for analyzing skin images, getting them to perform perfectly often requires tedious
tuning of their internal settings. To address this, we developed a nature-inspired approach called Harbor Seal Whiskers
Optimization (HSWO). This algorithm automatically fine-tunes key CNN parameters specifically the learning rate,
filter count, and dropout rate to reliably classify different types of skin lesions using the HAM10000 dataset. Our
primary goal was to maximize accuracy without sacrificing the model’s generalization stability. Our HSWO-guided
model successfully outperformed traditional tuning methods, such as default parameter settings or random search. The
optimized CNN achieved: 92.4% overall accuracy, 90.3 % sensitivity for detecting melanomas 0.947 macro-average
AUC. Because realworld medical data is rarely evenly distributed, we rigorously tested the model’s reliability across
imbalanced classes. It scored 0.89 on the Matthews Correlation Coefficient and 0.87 on Cohen’s Kappa, proving its
strong predictive dependability even when certain skin conditions appeared much more often than others in the data.
Ultimately, this study demonstrates that combining bio-inspired algorithms with deep learning provides a highly
reliable, automated clinical tool to assist doctors in efficiently diagnosing skin cancer.

Keywords: Skin Cancer Classification, Dermoscopic Image Analysis, Convolutional Neural Networks, Bio-Inspired
Optimization, Harbor Seal Whiskers Optimization Algorithm

1 Introduction

Skin cancer remains a pressing global health challenge,
with melanoma standing out as its most aggressive and
deadly form [1], [2], [3]. Because the survival rate
heavily depends on early detection, accurate initial
assessments are critical. In modern clinics,
dermatologists rely on dermoscopy, a non-invasive,
magnified imaging technique to visually examine skin
lesions. The challenge, however, is that interpreting
these images is inherently subjective. A successful
diagnosis often rests entirely on the individual doctor’s
visual expertise, leading to natural inconsistencies and
interobserver variability [4], [5], [6]. This subjectivity
has driven a strong demand in the medical community
for reliable, automated Computer-Aided Diagnosis
(CAD) systems that can provide doctors with a
consistent and objective second opinion [7], [8], [9].
Over the past decade, Deep Learning (DL)
specifically Convolutional Neural Networks (CNNs)
has revolutionized medical image analysis. These
networks are now so advanced that they frequently rival
or even surpass human experts in identifying complex
skin lesions [1]. However, building a successful deep
learning model is not as simple as just feeding it medical
data; it requires meticulous fine-tuning of its internal
mechanics, known as hyperparameters [10], [11], [12].
Variables like the learning rate, dropout rates, and filter

configurations dictate exactly how the model learns and
adapts to new, unseen patient images [13]. If these
settings are even slightly suboptimal, the model might
train too slowly, memorize the data instead of learning
the actual biological patterns (overfitting), or fail to
generalize in a real-world clinical setting [14], [13].

Recent literature makes it clear that we can no longer
rely on manual guesswork or basic trial-and-error to
find these optimal settings. Tschandl et al. [15]
emphasize that advanced, algorithm-driven strategies
are critical for pushing deep learning performance to the
next level. Similarly, [16], [17], [18] warn that poor
hyperparameter choices can severely compromise a
model’s diagnostic accuracy a risk that is unacceptable
in medical imaging. Foundational optimization studies
further confirm that dynamically adjusting these
variables is the key to training reliable, efficient models
[19], [20].

To solve this tuning problem, our study introduces a
unique, nature-inspired approach to optimize a skin
cancer classification system: the Harbor Seal Whiskers
Optimization Algorithm (HSWOA). In nature, harbor
seals possess extraordinarily sensitive whiskers that
allow them to precisely track the hydrodynamic wakes
of their prey through dark, turbulent waters [3], [5]. The
HSWOA translates this biological tracking ability into
a mathematical algorithm [3], [5], [21]. Because of its
design, HSWOA is uniquely equipped to navigate the



complex, multi-dimensional “murky waters” of deep
learning to hunt down the absolute best hyperparameter
settings [5].

To advance the current state of automated melanoma
detection, this paper offers the following key
contributions:

e A Novel Classification Framework: We propose a
hybrid skin cancer detection system that integrates
deep feature extraction with an intelligently
optimized machine learning classifier.

¢ Nature-Inspired Network Tuning: We introduce the
HSWOA  metaheuristic to  efficiently and
dynamically adjust the CNN’s hyperparameters,
offering a robust alternative to computationally
expensive grid or random search methods.

e Rigorous Performance Validation: We test our
optimized model against standard baselines using
strict evaluation metrics (including Accuracy, AUC,
Sensitivity, Matthews Correlation Coefficient, and
Cohen’s Kappa) to prove its reliability, particularly
when handling imbalanced medical datasets.

e Clinical Viability: We provide a clear theoretical and
practical demonstration of how HSWOA improves
the overall diagnostic stability of CAD systems,
presenting a highly dependable decision-support tool
for dermatologists.

2 Related Work

The intersection of artificial intelligence and
dermatology has seen explosive growth in recent years.
To understand where our proposed method fits into the
broader scientific landscape, it is helpful to trace the
evolution of automated skin lesion analysis, the
persistent headache of network tuning, and the growing
reliance on nature-inspired solutions.

2.1 The Shift to Deep Learning in Dermatology

In the early days of automated melanoma detection,
researchers had to manually define what the computer
should look for [22]. Methods were built around clinical
guidelines, like the classic ABCD (Asymmetry, Border,
Color, Diameter) rule [23], [24], [25], [26]. However,
human-engineered features often failed to capture the
subtle, complex textures of skin lesions [27]. The arrival
of Convolutional Neural Networks (CNNs) changed
everything [13]. By allowing the model to
independently discover and learn visual patterns
directly from raw pixels, architectures like ResNet and
DenseNet drastically improved diagnostic accuracy
[28], [29]. Yet, these powerful networks are notoriously
sensitive. A CNN’s success is heavily dictated by its
underlying architecture, meaning an “out-of-the-box”
model rarely performs perfectly on complex medical
data without significant adjustments [30].

2.2 The Hyperparameter Bottleneck

This brings us to one of the most frustrating challenges
in modern machine learning: hyperparameter
optimization. Even the most advanced CNNs require
researchers to perfectly calibrate settings like the
learning rate, dropout percentages, and filter sizes [31],
[32], [30]. For a long time, the standard approach was
Grid Search testing every possible combination or
Random Search [33]. Unfortunately, Grid Search takes
an impractical amount of time for deep neural networks,
and Random Search relies too heavily on luck [13].
While statistical methods like Bayesian Optimization
offer a smarter alternative, they frequently bog down
computationally or stop improving too early when
dealing with the massive, multi-dimensional search
spaces typical of deep learning [34].

2.3 Looking to Nature for Better Optimization

When traditional mathematical searches fall short, the
medical imaging community frequently turns to biology
[35]. Metaheuristic  algorithms—which ~ mimic
behaviors found in nature—have become incredibly
popular for fine-tuning deep learning models [36], [37],
[38]. Techniques inspired by bird flocks (Particle
Swarm Optimization) or marine life (the Whale
Optimization Algorithm) have successfully optimized
networks for various clinical tasks [39], [40], [41]
because they are excellent at exploring vast search
spaces without needing gradient data.

Despite their success, many of these nature-inspired
algorithms share a common flaw: they tend to get stuck
in local optimums (finding a “good” solution but
missing the “best” one) or they converge too slowly for
practical use in heavy deep learning tasks. This is
precisely the gap our study addresses. By simulating
how harbor seals use their highly sensitive whiskers to
track prey through turbulent, murky waters [3], [5], the
Harbor Seal Whiskers Optimization Algorithm
(HSWOA) offers a completely new way to navigate the
“murky waters” of neural network optimization.
Because its application in dermoscopic image
classification is largely unexplored, it presents a fresh,
highly efficient pathway for building more reliable
clinical diagnostic tools.

3. Mathematical Framework and Algorithmic
Background

Translating the remarkable biological instincts of the
harbor seal into a functional computational tool requires
a rigorous mathematical foundation. This section details
the underlying mechanics of the Harbor Seal Whiskers
Optimization Algorithm (HSWOA) and explores its
theoretical alignment with deep learning optimization.
By defining the core equations that govern how the
algorithm simulates fluid dynamics to track optimal
solutions, we establish the groundwork for its
application in neural network tuning. Furthermore, we
contextualize these mathematical principles within the



broader landscape of medical image analysis,
demonstrating exactly why this nature-inspired
approach is uniquely equipped to navigate the high-
dimensional search spaces required for accurate skin
cancer classification.

3.1 The Mechanics of HSWOA

The Harbor Seal Whiskers Optimization Algorithm
(HSWOA) translates the biological prey-tracking
mechanism of harbor seals into a robust mathematical
model [9], [3]. The algorithm navigates the complex
search space of neural network optimization through
two primary phases: exploration (broadly searching the
waters) and exploitation (honing in on the target) [42].

During the exploration phase, the algorithm casts a
wide net across the solution space to prevent missing
hidden optimal settings. It generates new candidate
solutions using a velocity-driven update rule:

Xt + 1) =X(0) + 1 - V(1) (1)

Here, Xi(f) represents the position of the i-th candidate
solution at iteration ¢, Vi(¢) denotes the whisker-inspired
velocity vector, and r is a randomized coefficient
introduced to maintain diversity during the search [15].

Once a promising area is identified, the algorithm
shifts into the exploitation phase. It narrows its focus,
refining positions based on the best candidate
discovered thus far:

Xi(t+ 1) = Xpes(t) + o - (Xdt) — Xpesi(r))  (2)

In this equation, Xpe.(f) is the current optimal
solution, and the control parameter o dictates the
intensity of the local search. This mechanism ensures
the algorithm steadily converges toward the global
optimum while retaining enough adaptability to avoid
getting stuck [3].The true engine of HSWOA is its
velocity update rule, which directly mimics the fluid
dynamics sensed by a seal’s whiskers:

Vilt+ 1) =B - Vit) +y - (Xoes1) = Xi(D)) 3

In this formula, f acts as a memory coefficient that
regulates the influence of the previous velocity, while y
controls the gravitational pull toward the best known
solution. Together, these equations equip HSWOA to
expertly balance broad exploration with targeted
exploitation.

In the context of skin cancer classification, we treat
the CNN’s hyperparameters such as the learning rate,
dropout ratios, and filter sizes as the target the algorithm
is hunting. By iteratively updating these configurations
using these whisker-inspired equations, HSWOA
achieves much faster convergence and ultimately yields
higher diagnostic accuracy than traditional tuning
methods.

3.2 Contextualizing HSWOA in Medical Imaging

To appreciate why this dynamic approach is necessary,
it is helpful to look at how dermoscopic image analysis
has evolved. Early diagnostic systems leaned heavily on
handcrafted feature extraction paired with conventional
classifiers like Support Vector Machines (SVM) or k-
Nearest Neighbors (k-NN) [4]. Unfortunately, these
methods struggled to scale and often failed to generalize
across diverse patient data. The real breakthrough
arrived with Convolutional Neural Networks (CNNs).
Architectures like ResNet, Inception, and Xception
proved capable of automatically learning complex,
hierarchical visual features directly from massive raw
datasets like HAM 10000 and ISIC [1], [5], [6].

However, extracting maximum performance from
deep learning models requires rigorous optimization.
Consequently, researchers have increasingly turned to
bioinspired metaheuristics to automate hyperparameter
tuning.  Algorithms such as Particle Swarm
Optimization (PSO), Ant Colony Optimization (ACO),
Genetic Algorithms (GA), and the Grey Wolf Optimizer
(GWO) have all successfully enhanced CNN
classification accuracy in medical imaging [7], [8], [9].

As a relatively recent addition to this bio-inspired
family, HSWOA stands out by dynamically balancing
its search phases through its unique velocity-sensing
model [3]. While researchers have successfully
deployed HSWOA in areas like power system
management, 3D Network-on-Chip (NoC) mapping
[43], and gastrointestinal cancer detection [15], its
potential for dermoscopic skin lesion classification
remains largely untapped.

This study directly addresses this gap. By
integrating the HSWOA mathematical framework with
a CNN-based classifier, this work aims to significantly
elevate the diagnostic sensitivity, specificity, and
overall accuracy of automated skin cancer detection.

4. Proposed Methodology and investigational
Framework

Having established the mathematical mechanics of the
Harbor Seal Whiskers Optimization Algorithm, the
natural next step is to translate this theoretical
foundation into a fully functional clinical tool. This
section outlines our proposed investigational design,
detailing precisely how we integrated the HSWOA with
a Convolutional Neural Network to tackle the complex
task of multi-class skin lesion classification. Here, we
transition from abstract equations to practical
application by mapping out the architecture of our
system, the preparation of the HAM10000 dataset, and
the specific neural network hyperparameters targeted
for tuning. Ultimately, this framework demonstrates
exactly how a biological tracking behavior is practically
harnessed to train a highly accurate, automated
diagnostic model.

To translate the theoretical benefits of HSWOA into
a practical diagnostic tool, we developed a cohesive,
three-stage pipeline for skin cancer classification. The
system progresses step-by-step: first, we prepare the



raw clinical images (Image Preprocessing); next, we
isolate the critical biological patterns (Feature
Extraction); and finally, we generate a diagnosis using
a network dynamically fine-tuned by our algorithm
(HSWOA-Optimized Classification).

A. Overview of the Proposed Framework:
Figure 1 illustrates the overarching architecture of our
skin cancer classification pipeline. The process begins
by feeding raw dermoscopic patient images into a
Convolutional Neural Network (CNN), which acts as
the system’s core feature extractor. To push the
network’s predictive capabilities to their absolute peak,
we dynamically tune its internal hyperparameters using
the Harbor Seal Whiskers Optimization Algorithm
(HSWOA), a bio-inspired technique modeled after the
precise hydrodynamic sensing of marine seals. By
intelligently navigating the hyperparameter search
space, this optimization step significantly sharpens
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the CNN’s ability to distinguish between complex
benign and malignant lesions. Ultimately, the pipeline
produces a highly reliable diagnostic output designed to
directly support doctors in their clinical decision-
making.
B. Dataset Description: To rigorously train and
evaluate our model, we utilized the widely recognized
HAMI10000 dataset, a comprehensive collection of
10,015 high-resolution dermoscopic images. This
dataset captures a diverse, real-world spectrum of skin
conditions, neatly categorized into seven distinct
diagnostic classes: Actinic keratoses (akiec), Basal cell
carcinoma (bcc), Benign keratosis-like lesions (bkl),
Dermatofibroma (df), Melanoma (mel), Melanocytic
nevi (nv), Vascular lesions ( vasc ). See distribution in
Fig. 2

Because medical datasets naturally contain far more
examples of common conditions (like nevi) than rare
ones, preserving this inherent imbalance during training
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Fig. 1 Architecture of the proposed three-stage skin cancer classification system and its HSWOA optimized diagnostic pipeline



was critical. To address this, we employed stratified
sampling to divide the data into an 80% training set and
a 20% testing set. This stratified approach guarantees
that the exact class distribution of the original dataset is
mirrored in both subsets, ensuring our model’s
performance is evaluated fairly and robustly across all
lesion types.

C. Image Preprocessing: Raw medical images
inherently vary in their native formats, which can easily
bottleneck a neural network’s ability to learn. To
promote faster model convergence and ensure our CNN
could generalize well to unseen patient data, we imple-
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Fig. 2 Frequency Distribution of Dermoscopic Images within the

HAM10000 Dataset

mented a strict preprocessing pipeline. First, every
image in the dataset was standardized to a uniform
resolution of 128x128 pixels. We then normalized the
pixel intensity values, scaling them down to a standard
range between 0 and 1 as shown in Fig. 3. To clearly
define our seven diagnostic categories for the network,
the labels were converted using one-hot encoding.
Finally, the entire dataset was thoroughly shuffled to
prevent the model from accidentally memorizing any
unintended sequencing patterns or ordering biases.
Collectively, these preparatory steps guarantee
numerical stability across the data, creating an optimal,
mathematically sound environment for the CNN’s
gradient-based learning process.
D. Convolutional Neural Network
Architecture: To strike the perfect balance between
high-level classification accuracy and computational
efficiency, we engineered a custom, lightweight CNN
architecture. The foundation of the network consists of
two primary convolutional layers, both utilizing ReLU
activation functions to effectively learn and extract
complex visual features from the dermoscopic images.
These are paired with two max-pooling layers, which
serve to down-sample the spatial dimensions of the
data, thereby reducing the overall computational load.
Once the core visual patterns are extracted, the data
is passed into a fully connected dense layer consisting
of 128 neurons. To map these learned features to our

specific diagnostic categories, the network concludes
with a 7-neuron SoftMax output layer, providing a
distinct probability score for each of the seven skin
conditions.

During the training phase, the model processes the
dataset in batches of 32. We utilized Categorical Cross-
Entropy to calculate our loss, pairing it with the Adam
optimizer to guide the foundational learning process.
However, the true defining feature of our framework is
its dynamic adaptability. Rather than relying on rigid,
manually selected settings, we deployed the Harbor Seal
Whiskers  Optimization (HSWO) algorithm to
autonomously fine-tune the network’s most critical
hyperparameters. Specifically, the learning rate, the nu-

Sample Images with Diagnoses

bkl

Fig. 3 Dermoscopic image preprocessing pipeline, accompanied by
standardized sample images and their specific diagnoses

umber of convolutional filters, and the dropout rate
(integrated for essential regularization) were all actively
optimized by HSWO to ensure the model achieved its
maximum diagnostic potential without succumbing to
overfitting.
E. Hyperparameter Tuning via Harbor Seal
Whiskers Optimization: To systematically discover
the absolute best settings for our network, we employed
the Harbor Seal Whiskers Optimization (HSWO)
algorithm, see pipeline in Fig 4. Drawing inspiration
from the highly sensitive hydrodynamic tracking
abilities of harbor seal whiskers, this advanced
metaheuristic  expertly balances broad global
exploration with precise local exploitation. In our
computational framework, every “seal” acts as a
candidate solution, representing a unique combination
of network settings.

We can express each candidate solution
mathematically as a multidimensional vector:

Xi=[n/d] “4)

In this formulation, # represents the learning rate, f
denotes the number of convolutional filters, and d stands
for the targeted dropout rate.



1. The Exploration Phase: To prevent the model from
missing hidden optimal settings, the algorithm casts a
wide net across the parameter space. It updates
candidate positions by introducing a stochastic
coefficient r, which ensures diversity during the search:

Xt + 1) =X +r- Vi) ®)

2. The Exploitation Phase: Once a promising
region is detected, the algorithm shifts focus to
refine the search. It draws the candidate’s position
toward the
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most successful configuration found so far, Xpes, guided
by a control parameter a that adjusts the intensity of
convergence:

Xt + 1) = Xoesl(£) + 0+ (Xi) = Xpes(2)) Q)

3. The Velocity Update Rule: The driving force
behind both of these phases is the velocity update rule,
which simulates how a seal dynamically adapts to
sensory input in its environment:

Viit+1)=p - Vi) +y - Kpes(t) — Xi(2)) @)

Optimization Objective and Settings: The singular
objective guiding this entire search process was the
maximization of the model’s validation accuracy. Given
the heavy computational demands of deep learning, we
configured the HSWO with a highly efficient setup: a
population size of 4 candidate solutions, running for 3
optimization iterations, with each candidate evaluated
over 3 brief training epochs.

Once the HSWO algorithm successfully identified
the peak hyperparameter configuration, we locked in
those exact settings to thoroughly retrain our final CNN
model over 15 epochs, ensuring a fully optimized
diagnostic tool.

F. Performance Evaluation Metrics: To guarantee
a rigorous and comprehensive assessment of our
optimized model, we moved beyond basic accuracy.
Because medical datasets like HAM10000 are naturally
imbalanced, a model can easily appear successful while
actually missing rare conditions. To prevent this and
provide a complete picture of our CNN’s diagnostic
capabilities, we evaluated its performance using a
robust suite of statistical metrics: Core Diagnostic
Metrics: Accuracy, Precision, Recall (Sensitivity), and
Specificity.

Balance Metric: The Fl-score, used to find the
harmonic mean between precision and recall.

Area Under the Curve (AUC): Both the Macro-

Optimized Hyperparameter Values
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Fig. 5 Optimized CNN hyperparameters: learning rate (0.0017),
filter count (32), and dropout rate (0.34), as determined through
the HSWO Process

Average and Micro-Average AUC were calculated
to measure the model’s overall ability to distinguish
between classes.



Statistical Reliability: The Matthews Correlation
Coefficient (MCC) and Cohen’s Kappa score were
utilized to strictly validate the model’s predictive
dependability across the uneven class distributions.

Finally, to visually demonstrate the classifier’s
threshold performance and its exact ability to separate
benign from malignant lesions, we plotted Receiver
Operating Characteristic (ROC) curves for each of the
seven distinct skin conditions.

5 Results and Evaluation

To rigorously validate the real-world diagnostic
capabilities of our HSWOAoptimized framework, we
conducted extensive evaluations using the publicly
accessible HAM 10000 dataset. Widely recognized as a
benchmark in dermatological machine learning, this
dataset provides a challenging, highly realistic testing
ground comprising 10,015 dermoscopic images of the
most common pigmented skin lesions [15].

A. Hyperparameter = Optimization:  Results
Demonstrating its rapid convergence capabilities, the
HSWO algorithm proved highly efficient at navigating
the complex search space. In just three iterations, it
successfully zeroed in on the most effective
hyperparameter configuration for our CNN. These final,
optimized network settings are detailed in Table 1.

As detailed in Table 1, “CNN Hyperparameter
Optimization using HSWO,” the algorithm identified
the optimal network configuration as having a learning
rate of 0.0017, 32 convolutional filters, and a dropout
rate of 0.34 as presented in Fig. 5.

Table 1 CNN Hyperparameter Optimization Using HSWO

Parameter Optimized Value
Learning Rate 0.0017
Number of Filters 32
Dropout Rate 0.34

The fact that the model locked into these optimal
settings so quickly is a testament to the algorithm’s
power. It proves just how effortlessly HSWOA can
traverse a massive, multi-dimensional search space
without getting bogged down in dead ends.

B. Classification Performance: The true test of
any diagnostic model is how well it performs on unseen
patient data. As detailed in Table 2 and Fig. 6, our
HSWO-optimized CNN delivered exceptional results
on the testing set. The model achieved a striking macro-
average AUC of 0.947, confirming its robust ability to
accurately distinguish between all seven distinct skin
lesion categories. However, the most significant
takeaway from a practical, clinical perspective is the
model’s 90.3% sensitivity in identifying melanoma.
Because melanoma is the deadliest form of skin cancer,

maximizing its detection rate and thereby minimizing
dangerous false negatives is the absolute highest
priority for dermatologists. This impressive sensitivity
metric proves that our optimized network is not just
mathematically sound, but genuinely viable as a life-
saving clinical support tool.

Table 2 Performance Metrics of Proposed Model

Metric Value
Accuracy 92.4%
Macro AUC 0.947
Micro AUC 0.962
F1-Score 91.8 %
Sensitivity (Melanoma) 90.3 %
Specificity 93.1%
MCC 0.89
Cohen’s Kappa 0.87
Model Performance Metrics
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Fig. 6 Performance comparison of the HSWO-optimized CNN
against baseline models across diagnostic metrics

C. ROC and Precision-Recall Analysis: Our
analysis of the multi-class ROC curves reveals steady,
highly reliable performance across all seven diagnostic
categories. A clear standout is the melanoma class,
which secured an AUC of greater than 0.95. This high
value underscores the model’s exceptional capability to
effectively separate life-threatening malignant lesions
from benign ones. Backed by a strong macro-average
ROC curve, these visual metrics confidently validate
the framework’s overarching ability to generalize well
in real-world diagnostic scenarios.

D. Comparative Analysis: To rigorously prove
the value of the Harbor Seal Whiskers Optimization
algorithm, we needed to evaluate its performance
against established baselines rather than just looking at
our results in a vacuum. To isolate exactly how much of
our model’s success was driven by the HSWO
technique, we benchmarked our finalized network
against two distinct control models:

A standard CNN running on basic, out-of-the-box

default hyperparameters.

A CNN dynamically tuned using the traditional,
widely adopted Random Search method.

By setting up this direct comparison, we can clearly
and objectively demonstrate the superior efficiency and
diagnostic accuracy of our bio-inspired approach over
conventional tuning strategies. Table 3 and Fig. 7
clearly present the comparative model performance.



Table 3 Comparative Performance Analysis

Model Accuracy Macro AUC Fl-score
Default CNN 88.6% 0.901 87.9%
Random Search 90.2% 0.925 89.4 %
Proposed HSWO 92.4% 0.947 91.8%

1.00 Comparative Model Performance Analysis

B Model
Bl Random Search
Proposed HSWO
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Fig. 7 Comparative performance of models across Accuracy, Macro
AUC, and F1-score metrics. Results are shown for the default CNN
(dark blue), Random Search (dark green), and the proposed HSWO
algorithm (light green)

When put to the test against these conventional
baselines, the results were definitive. The CNN
optimized by our HSWO algorithm consistently
outperformed its counterparts across every single
evaluation metric.

E. Statistical Validation: To ensure our results
were not merely a product of statistical chance, we
rigorously evaluated the framework’s underlying
reliability. The model achieved a Cohen’s Kappa score
of 0.87, representing a highly substantial level of
diagnostic agreement. Furthermore, because the
HAM10000 dataset is inherently imbalanced, we relied
heavily on the Matthews Correlation Coefficient (MCC)
to verify stability. An impressive MCC of 0.89 firmly
establishes that our network maintains its predictive
integrity across all lesion types, regardless of how
frequently they appear in the training data. Finally, we
calculated the bootstrapped 95% confidence interval for
the AUC 0.932 < AUC < 0.961. Together, these
stringent metrics provide the ultimate confirmation of
our proposed model’s statistical robustness and real-
world clinical dependability.

6 Conclusion

In this study, we introduced a novel, bio-inspired
framework for automated, multiclass skin cancer
classification using dermoscopic images from the
HAMI10000 dataset. By effectively pairing a
Convolutional Neural Network (CNN) with the Harbor
Seal Whiskers Optimization (HSWO) algorithm, our

system dynamically fine-tunes critical network
parameters specifically the learning rate, the number of
convolutional filters, and the dropout rate to maximize
diagnostic accuracy.

The experimental results clearly demonstrate the
superiority of this approach. When evaluated against
baseline models relying on default settings or traditional
random search, our HSWO-optimized CNN achieved
an impressive classification accuracy of 92.4% and a
macro-average AUC of 0.947. Most notably, the model
reached a 90.3 % sensitivity rate in detecting melanoma.
For real-world clinical applications, this high sensitivity
and strong AUC are absolutely vital, as they translate
directly to a better ability to catch life-threatening
malignant lesions while keeping dangerous false
negatives to a minimum. Furthermore, the model’s
resilience when handling naturally imbalanced medical
data was firmly validated by strong statistical metrics,
including a Cohen’s Kappa of 0.87 and a Matthews
Correlation Coefficient of 0.89.

Ultimately, these findings highlight the profound
impact bio-inspired metaheuristics can have on deep
learning systems in medical image analysis. Compared
to standard tuning algorithms, HSWO provides a highly
structured, computationally efficient search mechanism
that drives the network toward optimal configurations at
a much faster rate.

Looking ahead, this proposed framework serves as a
reliable, highly scalable foundation for computer-aided
diagnostic (CAD) tools in dermatology. To push its
clinical readiness even further, our future research will
focus on integrating advanced transfer learning
architectures (such as EfficientNet and ResNet),
exploring multi-objective HSWO optimization, and
rigorously validating the system against independent,
external datasets like ISIC.
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